ED 191 .036 



5CCtWENT BESOHE 



CS 205 7tt9 



>AOTHOB . 
TITLE. .. 
P.DE. DATE 
NOTE 




EDBS; PBICE 



IDINTIFIEBS 



Hattr James H.^ Jr^ - 
Evaluating Caiisal Models, . ^ 
Aug BO 

IBp,: Paper . presented at the Annual Meeting of the 
Association for Ediacation in Journalism (63rdr 
Boston^ «Ar August 9-13^ 1960)\' 

. MF01/PC01 Plus^Postgige^ 
♦Communication (Thought Transfer) ; Communication . 
Besearch: Evaluation Methods: ^Influences; *Ilass 
Media: *Media Besearcli; *ModGis : Relationship; 
*Besearch Methc^ology \f ... 

♦Causal Models > ^ . • 



SBSTBACT^ . ^ ^ 

Pointing; out ^hat linear causal models can organize 
the inter^felationships of a large number, of variables ^ - this paper 
contends ^that such models are^ parl^cularl*^ useful to mass 
communication research/; which must (*y necessity deal with complex 
systems of , variables. The paper first outlines briefly the 
philosophical requirements for establishing a. causal relationship r 
including the need foY- a spatial contiguity between cause and effect^ 
tij^€ need for temporal prioriht^ between cause'and effect^ 'and the need 
for some necessary connection between^ the c^se and effect. It notes 
that the last stage is of ten omitted by cqnpiinication researchers. 
The paper then describes the stages in causal analysis and relates 
each to the- jL^losophical requirements. Next, J-t analy2es three very 
different studies involving. causal 'analysis. In conclusion^ it _ 
illustrates the power of the often omitted thirJ stag^ of causal • 
'analysis in d^tect>ng errors in causai ordering and linkages. (FLV 
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EVALUATING CAUSAL MODELS 



The- use of linear causal inodels . in mass corrmunication research has 
fceen increasing over the bast decade. Because these models can organized 
the interrelationships of a large nurpber of v^iables, they are > 
particularly usefiil' to conmunication research which must by necessity deal 
with conplex systems of variables. « ' / . , 

Causal analysis is based on the existence of --a specific set ,of^ • 
conditions betweea' two or itore variables. The philosophic requirements for 
causality provide^'the assumpticns on which causal analysis is based. ^These - 
requirements inply three different stages in the causal analysis^Jrocess.- ; 
But researchers typically carry Out y^nly the first two stages^ leaving^ , 
themselves open^to possible errors'dn (conclusions drawn frori the resulting/ . 
causal model. • ^ . S;. ! 

\^This pap^r will first briefly outline the : philosophical r^kjiiirements 
for ^establishing a causal relationship.* The steps in causa4> analysisj^will • 
next be described, 'aijd each stage^ will be \related to the requirements. 
Finally, "three ver? different examples of causal analysis' will be ahaljjze^. 
The power'of the emitted third stage of causal analysis in detecting ;errors * 
in causal ordering and linkages will be ^shcwn. * > : y. 

■\ , REQUIREMEWrS FOR CAUSALITY : ' 

*Firstr there must be spatial- contiguity betwe^en. .the *cause and the 
effect, that is, the cause apd effect ifiust exist together ^ in physical* space ' 
(Mandelbaum, et. al., 1957^^ . This requirement J^l^s- out magical "action at 
a distance". _ ■ . • ^ . * 

Second, there must Be a temporal priori ty ^ between cause and effect, '* 
with the cause preceecling' the 'effect ir;! time and not Vice versa. (Hume, in • 
Mandelbaum, et al. , '1957; Mill, in Nagel, 1^50) . one, changes the level : ^ 
of a cause variable,%there is a abrre;^ponding change in the effect variable 
later in.- time; if . the effect^ variable is mar :.ulated,.^ there * is no 
corresp6n"9ing change in the -cause variable. V 

Third, the cause and. effect variables must ^^'£arv.. Changes- In the 
value of the cause variable muist produce change: ; ne effect variable ^ 
which .correspond ir magnitude. (Mill, in Nagi^, 1 ^rson, 1911) 

- Finally, there must be...some necessary ' conner - .:^r--a?en the cause and 
effect variable. Even^f all th^ otheif condit* -Ji * ~ mechanism V 

by which the causa prdduc::-i the effect must 1~ 

rules out accide ro.ariance or spur* : ^r::.^ > hul 
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"/ i'. Causal analysis is neither ■ a statistical proced^d^^^ a research . . - 

/ design. / It is an analysis strategy which^ is relatively independent', of the. " 

statistical prcxiedures used : and the experinental or design . \ 

^^iployed/. Unlike a statistical procedure/ which, is | to only with ^. ; , 

' " e^tabli^liihg covariance . between variables^ causal, analysis^ ^ ' ■ 

assumption th^t all conditioas for .causal r / ■ ' / 

^ ^ Let us first outline the steps an causal analysis ^ ^nd relate them -to ^ - 
the /necessary conditions for establishing^ ^causal - r^elatiOT outl^ined 

■ above wV\ / [ - '\ ' ' • ■ ^ ' ' / 

^^^ijCausai^ clear-cut stages: • '/ . . 

/'l^^ the variables and -relationships ,airorig them/ and, o 

the creation . of a caUsal- diagram which graphically represents tliese ^ 
* relationships. ^ There are thrfee^^ fundamental' relationships which can exist - 
between var^iabies.' They are:; a) Causal r which implies the 
the conditions of covariance/ teirporal seguenpe, and necessary connection; 
b)'; Unanaiyzed,\ j/hich ' implies that the variables o^et^ th^ . condition of 
covariance/ but not the conditions of temporal sequence or- necessary ^ ^ 
connection (thel relationship: between therii might be the ^ result of their /'^^ 
common covariance wi^th an unspecified outside variable).; and, c). Null, 
implying that hone- of the conditions hold. . ,j . / ^ 

. Causad relatipnships at^ this stage are simply well-stated hypotheses, / 
of the form ,"X causes |Yr through the mechanism of .. . ; (rationale) I . J;" . . f 
•These Qan be, graphically irepreseted by drawinq an arrow f rom^ the cause, 
variable to the ^ef fecit yari^ The arrow poi/nts in the direction of i the 

ten^ral' f low .(from cause tq effect) . / . ^ ' - 

Uhanalyzed. relationships are 'just sloppy, hypotheses, of the form "X 
and Y'will covacy". These .^re represented V)py a /dc^ble-headed curved arrow. 
^ The two arrowheads symbolize, -t^^ temporal sequence and the curved / 

line represents the possible spuria nature of the relationship. 

Nulii relati6nships are null hypptheses in the form of , "The is no 
relationship; between X and Y". They are ' graphically representee by the" ; , 
-lack of any ,iine between; the two variables. >li. ' \. ' 

In thi^.J^staga of the causal analysif,. ;th(i conclitions of ^pa-::ial / 
contiguity yS^emporal priority and necess^'^ connection are met. 

Spatial contiguity; is met ^ in the ^ researcher's definition of che • 
problem. Cause ^variablels and effect variables are -refined so t-^riC tihey are " 
located in the same physical space^ and can thus eract with each other- 
by sonte j>hy^.ical mechanism. " _\ 

; Tenipbrai priority is met -in one of three ways: ^ • ^ . 

a) It may 'be imposed t^' ejqperimentai design^ "Causal aa;:;_^*^.is is an 
excellent" way/ to analyze a /^qrplex experimental :.n*-estigation. Che time 
sequence pf variables is under "the control of the ^:<perimente*_- unc thus 
can'fc>e unamloiguously asserted in. the causal diagram. ' 

h) it may. be obvious.. For exampl'e, a persc.i's educat.:-^- ■ 1 level 
obyiously preceeds^n time his,/her ourrentj linguistic abilities. ariables 
which are npt under the control of ^ the researcher, but have obvious 
temporal ordering, are also easily stated in the causal diagram. 
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' cyA-rit *ay be ■tes,ted for plausibility.i ■ Here is the place in^Mchi^; ' - ■ / 

• f (jiiusal analysis excellsi" / It ;is often 'not possible, to manipulate variables ' -r,:^ 
/''■■'-^V^^ to clearly determine which variable 

'■■ preceeds the other in tiTTe. 7//'Sut .it; is possible to set , up twg alternative . 

caiisal "'models in which the '/teirfjoral order of -two . time-ambiguous variables 
. , .is 'reversed: ; If pne 6f/the,{%del-s is plausible, and' the other, is not, that • : 
Vis evidence jsupfe)r4:ing/*the''-^l€?i5>6ral- ordering .of; thd ' plausible model. If • ■ 
i .•; both ,model^'/ are / plau^ibl^^^^^^ nothing to do except admit the ^ 

'.■ ambiguity. ■:■ .': ^ . ' 

: Note/ that this 'way/' o£ determining ten^joral prioc-ity r^ires some 

■ method of evalua.ting the/T^ which .results fran^the first t^^o stages of 

■ causal apalysisV: Ii^/ currfenti Pi^^ctice,^ this^ evaluation is raYely carried 

out../'-, r'"/ 'A :'/7/.- /; /.' * " ^ A- . ''. ' V ■•■ ■ 

r ' r Caus>4anaiysis(/also requires that a theofetical linkage or rationale 

. be 'Stated .''for each/ /causal / relationship, as part of ; the creation ■ of _ the 
' causal diagrani-t This fulfills the , condition of necessary connection, - 

although it of etourse does "not assure that the "rationale is correct. 
" ^ 2) - The next step/ in causal analys is to .estimate- the structural 
' '/coefficients between variables for each of ^the hypothesized, re^ 
/ Iliese coefficients are iestimates of the 

as a result of variable ,Xi . " ■ ^ • <r ..v, 

The coefficients ' can b^ a .number of ways, but if the 

' ■ variables are at an interval levfel'of measurement, there are seme standard,, 

• although not yuniversailly agr'eed upon, ways . of obtaining these values 

(Duncan, '1970)'. - ' i •,. j i . 

The causal- coefficiTsrtis are often e'stimated by standardized partial 
. ■.: regression coefficients (- /ta weights) . A. 'i^rfession- is .carried ont for . 
each effect variable. I- the regression, .Tthe effect ■ va^^iabl - .3 the 
dep-ndent variable-, ar" -- independent (predictor) variables all _ 

variables' which have diz-ct causal links, to the dependent: variaDx: -^.the 
causal diagr^. Each r-ra vsight estimates the change to be^ex-p-c.-^d -n Y 
" (the dependent variab" -) 3S a result. of one standard unit ciia--ge t - X . 
.(predictor) variable r—ria-ed with the beta weight. 

Unan- 'v-ec relat .-—/ps are best estimiited with partial cc-r-t-at -.n. 
^^hat one :st do i^/ rci^ ' ::onstant all variables WhK:h mic nt ^---.er ■ .-ne ■ 
between tr- two vari : ' of interest, or which might . sery- to /.;-r-dir /te 
the values of the t.-p :=.-e Heise, 1975, for a cogent set /. as or 

• determining these *cc f::-r3t::-g paths). . _ . 

■ The estinates « -ov-/: iance coefficients are often mc _ le.. | 
published causal noce^-. "-5 -'-revailing ccnventiorr is to specif-^- 
value the ~sr/-or.5Gr cz/rreLar n between the variables. This ■ is cc 
only if there nr- no ■.—^•^ -r//.3, by which the variables can he 
Typically, axocenc ^iS v? /: i rre consider^ to covary with ea-- 

■ an unanalvr=f:'nanner. : c/ rcample, suppose there are thre/ y^. ^ 

. variables' .-..2E, SEX, -:n- "3) / all ' of which^ covary. Soec/v '^'"^ r-e 

j^QE— SEX cc^ffi: -art ; -ro-order correlation is eiearly irrof z.3 

this observeo roi rele /cn' ' ^des^ the covariance path AGE~SES--SF "^r.at 

should be specJirr'S. ih .GS-^X covariance which . is indP2enc 

I ^ ^ SES variable. I > -al tefBS, a partial correlation . i. 

zero-^rder cor .lr.::„d be used. . . ^ 

■ Incorrec" -ov./ - oeff icients will cause errors, m zht age 

of causal riy-.s. / ^ince researchers often do not . cari his 

last stac of the ; rcess, faulty specification of ' the ^ nee 

coefficier .. does not to substantial error in interpretation. 

-3- ■ / , ■ ■ . • ■ 



" ''^.""rtiis • -stage' of analysis ''fuifili¥'^^ of - establishing 

covariance between cause and effect variables. Covariance is estimated by ; 
regression beta weights used to compute the causal coefficients and"^e 
partial correlation coefficients used" to compute, the. unanalyzed covarianAe 
relationships. The condition of covariance i^ met by significant values of 
these statistics. ^ . . ^ ^; 

• The structure of the- causal model created in the first stage will 
exert a strong effect on the size and significance of these structural 
weights. This • irrplies . that some, ifcest for the ^ plausibility of the 
assumptions of covariance | (and. non-covariance> made in stage, one should « be 
carried out. It rarely is. - . . 

3) The last step iR causal analysis is to evaluate the adequacy of. 
the causal model. This step involves ^entifying all the possible paths by ^ 
which eachVpair of variables might . covaryr. computing the amount^ of 
covariance between the variables which each of these paths contributes, and 
adding up the results to estimate the total relationship between the two 
variables. Elalock (1964)' presents one procedure for this evaluation 
based on predicting'' which partial correlations should vanish when 
intervening variables ace held constant. ^The procedure suggested here is 
more . generalr and seeks to esti ma teethe actual' non-zej^magni-tude of all 
covariance relationships among variables in the model. ^ ' 

Variables^ may covarywhen: a) one causes. the other directly; cr b) 
when one causes changes in the ^ other indirectly via another ic.'>- or 
variables; or c) whenj both, variables have a corrDon cause v. .-v -i The, 
-magnitude of the direct effect of one v^riabl^ on another ' the 
structural, coefficient. To find the indirect effet:t of arv - : ^ ^ny 
3th- -..:^t multiply the causal coefficients for aai 1*^ ^ia--- - eps 
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:cvariance v:hen variables shai?e.^ a common . ca: . ' -.s a^.. . - lat 
h£ , . v- , :-z e sinple set of two rules , for defeermini-ng ccc .^-tirc piiths 

- 'ne may travel in a reverse causal direction in ir.:dinc - atn, 
-he: :h to a forward . causal direction. .'But ohe may — >t: then z^.-^el. 
rir. reverse causal direction. This rule"S:^ simply — ohanical ay 

a common cause for the . two variables under cor ~: ^"^raticr T": 
' which causal direction' is reversed from backwa - ro for ^rc ii 
-IT r; cause. To allow a second reversal would p: nj.t an ^"'fecc 

- e modify a cause Variable, ^ which wc^ld. violate the ternporal 
-y c ~ "dition. . * 

c) L-:7inaIvzed covariance paths, since they. have no temporal direction. 
-b-- lied ~*.ay be traversed in either direction. ' . • 

.-'.^ v-riables may "be related by a number of paths. The basic. 
.- -:tion -)f linearity in causal' models, allows one to compute the totaL 
i of cne variable on another by ^st adding the path valups fori all 
:_-fferer^-t paths by which th^y are coordinated. \^en one ha^done this, 
zv.^ esult is an Estimate pf the zero-order .correlation, Jrased cri the. 
as :;r:jtions of the casual ' diagram, and the estimates of^the stuctucal 
CO Icients. . : - ^ . / ' 

:f the structure of the relationships .among . variabKs is accurately 
re^: sented by the causal , d^jgagram, this value ' should ^ correspond to, the 
ob.' ::rved zero-order correlation. Values which are substantially different 
frc^^ the observed values indicate that the structure of 'the causal 'model is 
no supported by the observed data. \d y / 



If one^akes the assumption that the correlations, canputed from the 
causal diagram are really population values (that is /that the causal model 
is corre^)r tests for differences between observed and population 
correlations can be made by >simple. Fisher r-to-Z tests. In these tests, a 
non-significant result indicates thaV]the cofrputed ^nd observed values are 
sufficiently close to have come from the same population and thus the 
model structure relSting the two variables is not incorrect , 

Tt is iirportaht to realize that the ipodel structure has not oeen 
proven by these tests. .There may' be a large number of nodels^ which will 
accurately reproduce the *zero-order' correlations. Ho^^ever, if significant 
differences between the cqmput,ed~and observed, values .a ^ound, thev model 
which produced them* can be rejected. Thus :he brov-^ure test^ \he 
plausiDili^fcy , rather than the, adequacy > i the causal rror-ei. Ir ^^irjlisible 
models "can be rejected, but plausible ones- must oe further -valur; ed. 

One way to test the overall adequacy, of - model is de ermine t- 
average accuracy of the ^reproduced , cor r. ,ons, as -.-. ^arr tc 
observed correlations . 'a "goodhess-bf-"" u ' i: g-.ir ^ -^p* ^^ine* 
squ£.ring the Correlations to get estv > -o!^ >^ ^ ir. - the 

abs.' lute . value » of the difference veer t^ie ^' err. '::b5ervec 

cov— ' iance, and averaging this value .:-;-L-r _all pair: 7criabl~s Tf-.us z 
to:.- ^ ./h 'ch recei^7es a '.^5 goodness- -:>f it rating n - averar: oi: 15% 
. rrc. ■ oredicting the covariance' of lany parr of var: . A mc^r.' vnic: 

re- n .95 rating would clearly be a bett-^r repre ' n* on of che :.5ta; 

ev . If rh models, were plausible. 

".^ ■ , . ■ 

EXAMPLES .OF CAUSAL MODELS WITH EVALU7- ?IC 
first two stages of analysis are usua ly carried ^ " by. 
zz- _ ::ition researchers^ but the model evaluation nrrage rarely is T lis 
3M - ' ally, tests ■ the implications cx the assumptiorr a- jt the st^ j-^r-ure^ 
of odel made by the . "researcher . Any model strucrurc nay be sr r -lied ' 

i: - first stager and structural coefficienrs can e c trained for : in 
-'■c rx)nd stage. But with the evaluation stage, thr resulting mcrex may. 

^;nd to violate one or more of the conditions of ' caupnlity.^ Obviously , 
cw,,^^ a model in* violation of the requirements of 

causality are suspect. , 

Three examples of causal models based on real datri will be used to 
- illustrate the additional information provided by the ev::luation stage. 

The first example -is .from a 1 study of nonver-al communication 
iirnairment in brain-damaged patients (Duffy, Watt a::ci u .ffy, 1978, lS;/9) 
This may seem a bit' removed from mass eorxmunication research, but the 
analysis situations are actually very similar: experimental manipulation 
is pragnjatically and ethically inpps'Sible,. so all causal statements must be 
made from observational data; ^ there are a number of variables\i^volved; and 
the causal ordering of some of the variables Is a subjecr of^eontroversy. 
The other two examples' are from mass communicaricn research in two 
different areas: political communication and subcultural media ^se. • 

- Nonverbal Communicative Impairment Models . , . 

• I llie .first' three figures contain three models causally relating the 
following variables:. PICA (Porch Index of Comrnunicative Abilities) , an 
index of generalized symbolic alDility; -RPM (Ravens Progressive Matrices), a 
measure of general intelligence; MAT (Manual Apraxia Test) , a^ motor; skills 
test; PRT (Pantomime Recognition Test), a nonverbal recognition abilities 
index; and ..PET (Pantomime Expression Test), a nonverbal expression index. 
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Figure 1 represents one theoretical perspective pn the origin ^ of ( 
nonverbal cpmmanication deficit. Simply put^ it states that deficiencies. 
in* general symbolic abilities, intelligence^ an*3 manual skills all occur 
'^simultaneously as a result of a brain lesion due to injury or stroke, and 
thus there is no causal ordering among them. . They covary becayse they are 
a result o£ a canrrvon r^use. These * variables -in t irn cause &:^ticits, in 
nonverbal abilities. ' 

the table :::TC)oiiated vith this modeJ -ows, this is t plausible, 
causal statement. Js_ng die ^ :9viously outlines rules to dete"i-ne unique 
causal paths, then 'adc nq- .. effects of ar_ paths between pairs Of 
variables^ produces' es^:i iTar^cs vf the observed correlations which do not 
differ significantly fr:r)Ti x.tb .?-tual correlc'-^' '.ns. In traditional .'causal 
analysis, this informati ::)n wc <^y' not be avail: :ri?. Nor would the goodness-, 
of.-fit value. Conclus:ons r:"~m would be ."-tse'd upon the magnitude and-' 
possibly the significar . !j.eve_^ ""of the strr.:^:. ral cx>ef f icierr 3 obtained 
from the second stage -;i analysris, and the .2ST;:.;:'^:ed ..causal Hcruirture would 
tacitly accepted. - 

- But because we hr."^^- ^his additional r^^Hl.afeive infdrrnan.-on, it is *, 
possible to contrast t-r : first, mo^l with a oretically camre^bioM one. 
Figure 2 shows this r:^ I:: states that i^-e predominant caus^? variable 
is general intelligV ::r: deficits in intell_gence caused by brain lesion 
cause reductions in r^— roLic ability and mo— r ^.cills, which suosequently 
cause deficiencies n.nverbal skills. 

The. table ass-rcria-rec with this model ?r;:ows that -his is not a 
plausible causal mc ' -^V, as the covariances err: -icted by the model differ 
significantly from u rbserved correlations. early, Mode^L 1 is a better 
representation of the ..oserved facts. 

♦ Figure 3 represents another theoretic^ perspective. It merely 
reverses the causal order of the intelligen::e* and symbolic abilities 
variable^T^Sche rationale here is that symbolic abilities are central.-to 
any conceptualization of intelligence, , and changes in symbolic ability thus 
cause changes in measured intelligence. As the table shows, this^^ is a 
plausible statement. The goodness-of-f it value also indicates that it is a 
better statement of the observed data than is r-todel 1. . , , 

Comparing^ the result^ 'of the secondhand third -models leads to the 
conclusion that deficits in symbol'ic abilities probably cause deficits in 
general intelligence,* and not vice versa. We are in the rather astounding 
position of being able to offer evidence for causal ordering from; 
observational data taken at a sing5.e time point. It should be emphasized 
^that this is. possible only if the evaluation stage of analysis is carried 
oiit. The structural coefficients of the seoDnd model could be used to draw 
conclusionis,*' but these conclusions would be in ' error ,, as they would be 
based on a causal structure' which was not' capable of representing the 

observed data. • . ' 

■ ■ . > ■ ■ ■ » 

Adolescents and, Political Mass Communication ^ ' 

This causal analysis was carried out by Quarles" (1979) . Figure 4 is 
tJie causal diagram for' this * model of the antecedents of accurate 
perceptions of candidates'" positions on issues. Education (EDUC) ,. 
*PoliN|cal interest of respondents. (POLI) and interest in the campaign by 
respondents (CAMI)* are assumed to be exogenous and to covary. The values 
reported in the diagram are . (.incorrect) zero-order coefficients. They were 
replaced by partial ddr relations for the analysis. 



Increases in 'any of these exo^fenous variables are assumed^ to cause 
increases in newspaper use (NE^TU) ^ which in turn causes increases - in 
political system knowledge,- such* as. kna^ledge of the leng-th of terms of 
senators, the name of representatives^ etc. (SYSK) . Campaign interest and 
education are also assumed to cause" increases in political system 
knowledge. . All variables are presumed to cause increases in the accuracy 
with which respondents cpuld identify Campaign issues (ACCU) . 

As the table associated with Figure 4 sha^/s, -this is a very plausible 
model. N^e of the predicted zero-order correlations differs significantly 
from the observed cor relations ^ and the fit of this model to the data is 
excellent, with an average covariance error of less than 1%. 

. The evaluation of ^ this model has added seme credence to the 
assumptions of i:emporal priority which were made by the re'searcher. There 
are. a pumber of other time orderings which could be. justified, however. 
For exanple, ^ plausible "argument could b^"" * made ^ for reversing the time 
ordering of newspaper use and political system knov^ledge. A stronger ^ case 
for the causal conclusions which were drawn from this data could be made, if 
the alternatives were investigate' and 1 found to be poorer at predicting the 
observed data. ^ - . , 

Use of Television By Blacks > * - \, 

Allen and Bielby (1979) provide the next example. This causal model, 
outlined in F4^ux;e 5, is an example of a very complex situation. Four 
exogenous variables are defined, ed^icatibn (EDUC:) r socioecononic status 
(SESy, AGE and SEX", all "of which -are assumed to covary. The fcovariance 
coefficients were not reported , in the original research, ^ but were 
reconstructed as partial correlations from the, ^ero-order correlation 
, matrix and entered in the model 'evaluation stage. 

Education i& assamed to have a direct causal Effect on all ot;her 
variables, which \were black identity^ (BLID) , the sense of personal controj. ^ 
over life.(PERC), anomie, or alientatipn f ran white society (A^M) , total': 
television-viewing (TCTTV) , black oriojSted public affairs television viewing 
(BLPA) , and the perceived bad points of black situation comedies *{BADP). 
Black identity is a function of . age and education, and' in turn produces 
effects iq, total ^television viewing and perceived bad points. Personal 
control 'is a function of education and SES ^nd. produces changes in total ^ 
television viewing levels.- Alienation is a function of education and sex, ' 
and causes differences in black public affairs viewing. All variables with 
the exception of SES, personal ^control, and. anomie produce effects in the 
th^ 'perception of bad points of .black situation conedies. 

The , causal ordering; is justified ly/ the authors, fulfilling :the 
necessary" connection condition for causality.'^ But there r^mpiin a number of 
rather arbitrary causal relationsjhi^s. For example, it could b^'^'ar^ed 
that black public affairs Viewing^ j^ould preceed. black identitjfC^s irv^a^ 
learning process. As the model is ^ated, ^there is no;^relationlhip at ay. 1 
betweeff black identity and black public ^affairs yiewing. ' Z^''^^^. ^ 
' It is particularly necessary to carry out the evalua^on— st^g^ in a 
panplex model with non-obvious structure's liKe this one/ As the results in 
Figure 5 show, the authors of this model did' an acimirable job of creating a 
structure which was consistent with the reality , of the observed data; 
However, there is oAe^striking difference between the cotrelati£)ns observed 
and thc^e predicted b^^ ' the model. The * obseifved relatiqnship between^ 
personal control and anomie^ was ^.33f but the model predict^ a correlation 



of only -•02! A look at the structure of the model indicates why: ^ ancoiie 
.and personal control are assumed to be unt-elated^ so any correlation 
between the variables should be spuri6us, iVe.f* the result of covariance 
with cxsmmon cause variables. . ^ . 

.^Ttie ' spurious paths could not provide covariance^^ of the magnitude' 
observed, so it appMrs tbat there might .be a ^eal relatfonshlp between the 
two variables '^whiclfV^s overlcx)ked by .the ^thors^ It is .certainly 
plausible to think th^t a sense of personal control and a feeling^of anonie 
should be directly related in a negative fashion. . • ^ 

It would be interesting to recompute- the structual coefficients/ with 
the addition of ,this causal path, and then to reevaluate the model. To be/ 
sure, this is a* somewhat atheoretical way of approaching causal modeling* ^ 
But it is also .unsatisfying to be in the Situation of drawing conolusions 
fron a model with •a known flaw. • 

' CCNCLUSIONS ^ " . 

These examples have illustrated the additional ^x?wer which --evaluation 
of itodels brings to causal analysis. \ It enables "the researcher to reject 
inplausible model structures, /to find^ evidence of tem^wral ordering of^ 
variables, to detect missing . relationships in models, * and possibly to 
permit self-congratulation for creating a good theoretical model-. 

. It seems clear th*t the philosophical requirements for establishing 
casual rel^ationships imply that this evaluation stage should be carried 
out. The^ conclusions drawn from a causal 'model are only as good as the 
structure- of the model. It is necessary' that researchers test the 
plausibility of the assumptions made in creating the structure r lest they 
dr^ conclusions and implications from an invalid set of .postulates. ^ 

Except in the sinplest models, this evaluation must be carried out 
,wifeh the aid of a computer. The number of indirect i p^ths • by wl^ich 
variables can be related increases exponentially with the number of causal 
and unanalyzed links included in the model. . As an example,; the Allen , and 
Bielby model produced about 8000' coordinating paths between variables. 
Reproduced cprrelations and significance tests for the models in^this paper 
were produced by a computef^program which i^ available fron the apthor upon 
request. . ' 
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NOT-E:. . Figures in parentheses are partial correlations which replaced 
the. zero-order correlations in tests of the model. . 
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FIGURE 4 (Continued) ^ ^ 
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.| FIGURE -5 
Use of Television' by Blacks 



J'- 



1 , 



BAD POINTS OF 
BLACK 
SITUATION 
COMEDIES 




• Pa^h Diagram of PeternninarHs oif Perceived Bad Points of Black Situaiion Comedies among Black Adults 'l 
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FIGURE 5 (L 
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